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ABSTRACT

General agents must acquire new capabilities while preserving existing ones. Two
phenomena make this balance difficult: grokking, where memorization abruptly
ends during training; and forgetting, where previously learned skills rapidly de-
grade under sequential learning. Although both are typically studied in isolation,
we argue that they admit a unified mechanistic explanation. For a fixed task, we
hypothesize that grokking and forgetting occur precisely when the stability of a
model’s circuits increases and decreases across subtasks, respectively. Through
a case study of Llama-3.2-1B across tasks such as factual retrieval, logical and
commonsense reasoning, as well as bias evaluation, we find evidence supporting
this hypothesis. To our knowledge, this is the first architecture- and task-agnostic
measure for grokking and forgetting. Our results suggest that by leveraging mech-
anistic insights, generalization phase transitions can be measured directly on the
training set.1

1 INTRODUCTION

As language-model agents become prevalent, they must be able to continuously learn and adapt. At
the same time, we expect their core linguistic and reasoning capabilities to stay consistent. Balancing
this plasticity-stability tradeoff is one challenge to building general agents. In this paper, we study
two seemingly disparate phenomena that disrupt this balance: grokking and forgetting.

A model groks when it initially memorizes the training set, then undergoes a phase transition where
generalization error decreases sharply (Power et al., 2022; Nanda et al., 2023; Miller et al., 2024,
inter alia). The time between the memorization and generalization phase is unpredictable and dif-
ficult to measure. For practitioners finding this sweet spot is crucial: stopping too early may lead
to poor generalization, while stopping too late wastes compute. However, developing a precise,
task- and model-independent statistic for grokking has remained elusive. On the other hand, when a
model learns a sequence of tasks it can undergo forgetting: performance on early tasks degrades as
subsequent tasks are learned. When this degradation occurs rapidly, we term this catastrophic (Mc-
Closkey and Cohen, 1989; Kirkpatrick et al., 2017; Delange et al., 2021, inter alia). Mitigating
forgetting remains a central challenge to continual learning. To this end, these phenomena represent
extreme regimes where the plasticity-stability relation breaks down. Understanding when and how
they occur give insight into necessary conditions for general, adaptable agents.2

Grokking and forgetting are typically considered distinct, independent phenomena and studied as
such. Inspired by recent progress in mechanistic interpretability, we propose a unified perspective
by studying a model’s circuit and its evolution during training. For a fixed task, a model’s circuit is
a (minimal) subset of the model’s components that drive its functional behavior (Elhage et al., 2021;
Wang et al., 2022). In contrast to many existing mechanistic approaches, we treat circuits as first-
class objects and entirely divorce them from their interpretations (Tigges et al., 2024; Jiang et al.,
2025, inter alia). In particular, we adopt an approach from Sun (2025) that formalizes and measures
circuit stability: the extent to which a model consistently applies same circuit across subsets of
inputs. We hypothesize that grokking and (catastrophic) forgetting occur precisely when circuit

1Our codebase is available at https://anonymous.4open.science/r/forgot-200F/.
2We defer a detailed discussion of the related literature to Appendix A.
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stability rapidly increases and decreases, respectively. Through a case study of Llama-3.2-1B on
a diverse set of tasks—including knowledge retrieval, logical and common-sense reasoning, as well
as bias evaluation—we provide evidence for our circuit stability hypothesis.

2 BACKGROUND

Herein, we briefly introduce circuit stability and refer readers to Sun (2025) for a detailed treatment.
Let X ,Y be input and output spaces, respectively. We view a neural network f : X → Y through its
computation graph Gf = (Vf , Ef ) where Vf , Ef are vertices representing attention heads in f and
edges denoting computational dependencies between vertices. Let DX×Y be a data distribution and
consider a partition of X × Y , S. Also, let L : Y × Y → R≥0 be some loss function.
Definition 2.1. Let S ⊂ X × Y and let DS denote the data distribution restricted to S. The circuit
of f on S is the map c : Ef → R. For each e ∈ Ef ,

c(e) ≜ E(x,y),(x′,·)∼DS

[
L
(
fe(x)←e(x′)(x), y

)
− L(f(x), y)

]
.

Here e(x) denotes the value of component e when f is evaluated on input x, fe(x)←e(x′)(x) is f(x)
under the intervention that replaces e(x) with e(x′) obtained from input x′.

We view S as a subtask of the task DX×Y . In this way, a circuit may be thought of as an embedding
of subtasks. In practice, for the sake of efficiency, we compute Definition 2.1 with a first-order
Taylor approximation (Hanna et al., 2024; Kramár et al., 2024):

cS(e) ≈ E(x,y),(x′,·)∼DS
[(e(x′)− e(x))T∇e(x)L(f(x), y)].

We now define circuit stability as the smoothness of this induced subtask embedding space.
Definition 2.2. Let t : X × Y → S where t(x, y) 7→ S if and only if (x, y) ∈ S. Denote t⋆DX×Y
the pushforward distribution under t. f ’s circuit stability on S is

stable(f,S) ≜ ES,S′∼t⋆DX×YK(cS , cS′),

where K is an RKHS kernel. We consistently take K to be the rank correlation between cS , cS′ .

3 GROKKING AS CIRCUIT STABILIZATION

Nanda et al. (2023) show for small Transformers trained on modular arithmetic, grokking occurs
from “algorithmic stabilization:” when model’s learned algorithm stabilizes around a generalizing
one. In similar vein, Tigges et al. (2024) show across model scales on toy tasks, a model’s circuits
evolve over the training horizon. Building on these observations, we measure circuit stability during
instruction-tuning. Specifically, we hypothesize that the model transitions between the memoriza-
tion (high training accuracy and generalization error) and generalization (high training accuracy and
low generalization error) regime when circuit stability undergoes a sharp phase transition from low
to high. Since our approach does not require understanding the algorithm behavior of the extracted
circuits3 we can in principle measure this for arbitrarily large models and complex tasks.

In this case, we choose GSM-Symbolic as it combines symbolic reasoning with mathematical and
logical reasoning (Mirzadeh et al., 2025). We instruction-tuned Llama-3.2-1B and evaluate both
performance (measured in accuracy) as well as circuit stability every 2,000 steps.4 Our results are
shown in Figure 1.

Memorization Phase. During the initial 70 milestones (1.4M steps), the model’s generalization gap
widens. While training accuracy increases gradually to 0.35, validation accuracy remains near zero.
In this phase, Circuit stability is low and inconsistent, fluctuating between 0 and 0.1 (see Figure 1a).
To this end, we expect the model to use input-specific heuristics or “noisy” circuits on semantically
similar subtasks that potentially require the same reasoning process.

3This being the primary objective of mechanistic interpretability.
4Because of memory constraints, we use a batch size of 2 with no gradient accumulation (Marek et al.,

2025). For brevity, we refer to each one of these measurements as milestones. We choose subtasks by parti-
tioning the input space by the first letter in each prompt. This induces a true partition while also keeping cells
in the partition semantically similar.
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(a) (b)

Figure 1: (a) shows grokking. After training accuracy saturates at around milestone 40, validation
continues to plateau at 0. The phase transition from memorization to generalization occurs at mile-
stone 72. (b) shows circuit stability during training. Stability increases sharply at the same step.
Note that since circuit stability is computed as an expected rank correlation, it is bounded in [−1, 1].

Stability-Accuracy Alignment. At milestone 72 (step 1.42M), we observe a simultaneous surge in
validation accuracy and Circuit Stability. Validation accuracy rises abruptly to 0.38 from 0.05 (see
gray dotted line in Figure 1b). Synchronized with this behavioral shift, circuit stability increases
from a mean of 0.15 to a peak of 0.70. To further qualify the relationship between circuit stabil-
ity and generalization error, we compute the correlation between stability and validation accuracy
throughout the training sequence. We find a strong positive correlation (r = 0.87, p < 0.001),
supporting the hypothesis that circuit stabilization is the underlying mechanistic driver of grokking.

4 FORGETTING AS CIRCUIT DECAY

We now turn our attention to forgetting. Forgetting has been extensive studied in weight and rep-
resentation spaces, and most recently also mechanistically (Kirkpatrick et al., 2017; Rolnick et al.,
2019; Jiang et al., 2025, inter alia). In one line of work, Todd et al. (2024) show the existence of
function vectors (FVs): task-specific directions in a model’s activation space, when injected at mul-
tiple intermediate layers induce the model to perform the corresponding function without additional
gradient updates. Building on this idea, Jiang et al. (2025) remarkably demonstrate that forgetting
occurs when a model’s FV difts. Herein, we extend this mechanistic framework and demonstrate
that circuit stability is a better predictor of forgetting in three ways:

1. Circuit stability is a strictly stronger criterion than FV stability. That is, circuit stability implies
FV stability, but the converse does not hold (see Proposition 4.1).

2. Circuit stability is correlated with forgetting in cases where as a model’s FV may stay in tact.
3. Based on these insights, we introduce stability-guided regularization and replay to mitigate

forgetting.

We first show that circuit stability implies FV stability and that the converse does not hold. Our
result applies to single-layer models and assumes that all edges of the computation graph are a part
of its circuit (Section 2). This captures the core intuition and by inducting over the number of layers
with appropriate masking, the result can be easily extended to multi-layer models with sparsely
distributed circuits.
Proposition 4.1. Consider a time-indexed (over the training horizon) model ft : X → Rd with
computation graph (Vft , Eft). Assume that ft admits an additive residual decomposition:

ft : x 7→
∑

v∈Vft

r(t)v (x). (1)

Let D0,D1 be baseline and tasks distributions (respectively) over X × Rd (Todd et al., 2024). Let
v(t) be the FV at t such that

v(t) ≜ Ex∼D1,x′∼D0
[ ft(x)− ft(x

′)]. (2)
Also, define (ε,D0,D1)-circuit drift between times t and t′ by

∆(t, t′)2 ≜
∑

v∈Vft

(
Ex∼D1,x′∼D0

[
∥ft(x)− ft′(x)∥22∥+ ∥ft(x′)− ft′(x

′)∥22
])

. (3)
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Sequence 1
Task t1 t2 t3 t4

BoolQ 0.13 / 0.62 0.09 / 0.00 0.05 / 0.00 0.11 / 0.00
MMLU-CS 0.15 / ✗ 0.34 / 0.56 0.21 / 0.11 0.13 / 0.00
Winogrande 0.16 / ✗ 0.16 / ✗ 0.18 / 0.5 0.15 / 0.05
StereoSet 0.18 / ✗ 0.17 / ✗ 0.18 / ✗ 0.22 / 0.33

Sequence 2
Task t1 t2 t3 t4

StereoSet 0.21 / 0.33 0.11 / 0.05 0.12 / 0.00 0.08 / 0.00
Winogrande 0.15 / ✗ 0.20 / 0.51 0.16 / 0.45 0.13 / 0.04
MMLU-CS 0.18 / ✗ 0.22 / ✗ 0.37 / 0.56 0.30 / 0.11
BoolQ 0.08 / ✗ 0.09 / ✗ 0.11 / ✗ 0.13 / 0.61

Table 1: For each sequence of learned tasks, at a given time ti we measure the model’s accuracy
(a) and it’s circuit stability (∆). These are organized as (∆/a) in each cell. We do not evaluate the
accuracy of a model before it is trained. This is denoted by ✗.

1. If ∆(t, t′) ≤ ε, then

∥v(t) − v(t
′)∥2 ≲ ϵ

√
|Vft |. (4)

2. There exist (ft, ft′) such that v(t) = v(t
′) but ∆(t, t′) can be made arbitrarily large.

The proof is presented in Appendix B. Here, circuit drift is a dissimilarity counterpart to circuit sta-
bility. Driven the insights from Proposition 4.1 and evidence that circuit stability is tied to grokking,
we empirically show that circuit stability is also correlated with forgetting during sequential learn-
ing. We design a curriculum below and measure accuracy, circuit stability, and FV drift as a function
of time.

Curriculum. We take t ∈ [0, 4] and finetune Llama-3.2-1B on four tasks (with t = 0 corre-
sponding to the pre-trained model): BoolQ, MMLU, Winogrande, and StereoSet (Clark et al., 2019;
Hendrycks et al., 2021; Sakaguchi et al., 2021; Nadeem et al., 2021). We consider two sequences
of tasks, sequence 1 follows the original ordering above and sequence 2 is the reverse. We train
one epoch per task.5 For both sequences, we use the same optimizer hyperparameters. Checkpoints
and measurements are taken at the end of each epoch. Further experimental details are provided in
Appendix C.

Immediate vs. Protracted Decay. Table 1 demonstrates that catastrophic forgetting is character-
ized by a simultaneous collapse in task accuracy and circuit stability. Firstly, across all tasks in both
sequences we observe a positive correlation between accuracy and circuit stability. As forgetting
occurs and accuracy decreases monotonically with time, we also see that circuit stability is decreas-
ing. Interestingly, for each task we observe distinct circuit stability decay rates. For example,
logical reasoning (BoolQ) exhibits immediate an accuracy drop 0.62 → 0.00 when transitioning to
MMLU. This is accompanied by a drop in stability 0.13 → 0.09 (−30%). Conversely, knowledge-
retrieval tasks like MMLU show a gradual decline in accuracy and circuit stability. Since all tasks
we benchmark require some learned knowledge, we suspect that the associative pathways (i.e. key-
value retrieval mechanisms) are preserved even as task-specified memories become distorted (Geva
et al., 2021; Meng et al., 2022). In this way, circuit stability provides a task-agnostic early warning
sign for forgetting. Inspired by this, we show next that circuit stability can be used to construct an
effective replay buffer of examples.

5 DISENTANGLING LATENT TRIGGERS AND CIRCUIT STABILITY

We now seek to demonstrate that a loss in circuit stability is sufficient for forgetting. To do this,
we need to decouple representation and circuit drift. During standard fine-tuning representations
and circuits are entangled: as the model learns it adapts its previously learned representations while
simultaneously rewiring its causal pathways (Geiger et al., 2024; Wadhwa et al., 2025). In this case,
a drop accuracy is ambiguous it would reflect a structural fragmentation of the circuit or a drift in

5Throughout, we use batch size 1. Marek et al. (2025) demonstrate that this is principled. To make finetun-
ing on MMLU tractable, we only consider the computer science split (CS).
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Table 2: FV–circuit ablation: accuracy, FV drift, and circuit stability under two intervention
settings. Preserving the FV while allowing circuit fragmentation yields collapse despite low drift;
enforcing stability preserves function despite comparable drift.

Setting Accuracy Stability (S)

t1 t2 t3 t4 Initial Final Change

Drifted Circuit
BoolQ 0.62 0.00 0.00 0.00 0.53 0.22 −59%
MMLU ✗ 0.56 0.11 0.11 0.26 0.081 −69%
Winogrande ✗ ✗ 0.50 0.50 0.93 0.21 −77%
Stereoset ✗ ✗ ✗ 0.33 -0.018 -0.085 −470%

Fixed Circuit
BoolQ 0.62 0.24 0.03 0.00 0.24 0.21 −14%
MMLU ✗ 0.56 0.17 0.11 0.22 0.20 −8%
Winogrande ✗ ✗ 0.5043 0.50 0.88 0.88 +0%
Stereoset ✗ ✗ ✗ 0.34 0.24 0.21 −14%

Table 3: (Top)Accuracy and circuit stability when circuit is allowed to drift but function vector is
held still. (Bottom)Same measurements except function vector is allowed to drift while circuit is
structurally fixed.

the representations. Herein, we pose a sharper question: what if we preserve the representation and
allow the circuit to drift and vice versa? Does performance persist?

To show that a loss of circuit stability is sufficient for forgetting, we decouple representation drift
from circuit drift. This separation is necessary because standard fine-tuning entangles the two: as the
model trains on a new task, task-specific activations (the latent trigger) can move in representation
space while the underlying computation graph simultaneously rewires. Under this entanglement, a
drop in accuracy is ambiguous—it could reflect loss of the trigger, fragmentation of the circuit that
implements the procedure, or both. We therefore ask a sharper causal question: if we preserve the
trigger but allow the circuit to change, does the model still forget? And conversely, if we allow the
trigger to drift but preserve the circuit structure, does performance persist?

We keep the same experimental setup as before. We add to the fine-tuning objective two different
forms of regularization which we describe briefly here and detail in Appendix H:

1. Fixed FV, Drifted Circuit. We use forward-pass hooks continuously patch in the cached FV
from their initial state. This prevents the FV from drifting while the circuit is allowed to vary.

2. Drifted FV, Fixed Circuit. We enforce structural circuit stability using a structure-constrained
similar to Gupta et al. (2024) objective.

Impact of Circuit Drift. Our results in Table 3 show that preserving the functional representation is
insufficient for retaining task performance. In the drifted circuit setting, BoolQ accuracy collapses
0.62 → 0.0 when training on the next dataset. This mirrors our observations above, where a loss in
accuracy is coupled with a loss in circuit stability. Conversely, the model maintains its performance
when circuit stability is enforced, even under significant representation drift. In this setting, we see
that performance decay is more gradual and in some cases (Winogrande) non-existent.

In Appendix I, we present a simple procedure based on circuit stability that caches examples which
exhibit high stability during initial training and replays them during subsequent learning. Like our
fixed circuit regulation above, we find that this mitigates forgetting.

6 CONCLUSION

In this paper, we propose circuit stability as a structural metric linking knowledge acquisition
(grokking) and release (forgetting). Our case study on Llama-3.2-1B shows that circuit stability
tracks generalization error across diverse tasks, rising during grokking and declining before per-
formance collapse. Based on these insights, we develop stability-guided regularization and replay
strategies that preserve task-relevant reasoning circuits. Future work will extend these mechanistic
analyses to larger models and longer task sequences.
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A RELATED LITERATURE

Mechanisms of Acquisition and Release. Grokking is characterized by a delayed transition from
memorization to generalization (Power et al., 2022), while catastrophic forgetting describes the
abrupt loss of prior knowledge during sequential training (McCloskey and Cohen, 1989). Tra-
ditional accounts focus on optimization dynamics or weight norms (Liu et al., 2023). However,
Nanda et al. (2023) demonstrated that grokking is preceded by the gradual formation of “cir-
cuits”—computational subnetworks hidden from validation accuracy. We build upon the metric
formalized by Sun (2025), using Circuit Stability to demonstrate that both acquisition and release
are unified by the structural consistency of these internal subnetworks. This allows us to characterize
grokking as the emergence of a stable circuit and forgetting as its eventual fragmentation.

Representational Drift vs. Structural Integrity. High-dimensional representational shift is often
cited as the primary driver of forgetting (Kirkpatrick et al., 2017). Function Vectors (FVs) serve as
latent triggers that compress task-specific knowledge into distilled activation patterns (Todd et al.,
2024). While research suggests that regulating these vectors can influence model behavior (Jiang
et al., 2025), our ablation results reveal a novel decoupling: task performance and reasoning can
persist despite significant FV drift, provided the downstream circuit remains structurally invariant.
This distinguishes our work from studies that treat representation and execution as synonymous,
suggesting that the “functional origin” of a skill is tied more to its connectivity than its coordinate
in activation space.

Selective Replay and Structural Anchoring. Mitigation of forgetting typically involves weight-
space regularization like EWC (Kirkpatrick et al., 2017) or experience replay (Rolnick et al., 2019).
However, these methods often impose global constraints that hinder the acquisition of new tasks. Our
Stability-Guided Replay (SGR) addresses this by utilizing the stability metric from Sun (2025) as a
high-fidelity filter to select “anchor” samples. By replaying data that exhibits the highest structural
consistency, SGR anchors the model to its most robust reasoning pathways. This approach allows
for the targeted preservation of specific circuits without the performance overhead or interference
associated with global parameter constraints.

B PROOF OF PROPOSITION 4.1

Proof. Denote δv(x) ≜ rv
(t)(x) − rv

(t′)(x) and δ(x) := ft(x) − ft′(x) =
∑

v∈Vft
δv(x) by

Equation 1. From Equation 2,

v(t) − v(t
′) =

(
ED1 [δ(x)]− ED0 [δ(x)]

)
.

By triangle inequality,

∥v(t) − v(t
′)∥2 ≤ ∥ED1

[δ(x)]∥2 + ∥ED0
[δ(x)]∥2.

Now we analyze either terms separately. Fix j ∈ {0, 1}. Using the fact that ft admits an additive
residual decomposition and triangle inequality we have,

∥EDj
[δ(x)]∥2 =

∥∥∥∥∥∥
∑

v∈Vft

EDj
[δv(x)]

∥∥∥∥∥∥
2

≤
∑

v∈Vft

∥EDj
[δv(x)]∥2.

By Jensen’s Inequality since ∥·∥2 is convex, ∥E[δv]∥2 ≤ E[∥δv∥2]. Then, by the Cauchy-Schwarz
Inequality, E[∥δv∥2] ≤

√
E[∥δv∥22]. And so,

∥EDj [δ(x)]∥2 ≤
∑

v∈Vft

√
EDj [∥δv(x)∥22] ≤

√
|Vft |

 ∑
v∈Vft

EDj [∥δv(x)∥22]

1/2

.

Applying this bound for j = 1 and j = 0 and using Equation 3 yields

∥v(t) − v(t
′)∥2 ≤

√
|Vft |

(∑
v

ED1∥δv∥22
)1/2

+
√
|Vft |

(∑
v

ED0∥δv∥22
)1/2

≤ 2
√

|Vft |∆(t, t′),
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which implies equation 4. If ∆(t, t′) = 0, then v(t) = v(t
′).

Now we show that the converse does not hold. Let Vft = {1, 2}, take any nonzero u ∈ Rd, and
define (for all x)

r
(t)
1 (x) = u, r

(t)
2 (x) = 0, r

(t′)
1 (x) = 0, r

(t′)
2 (x) = u.

Then ft(x) = u = ft′(x), so v(t) = v(t
′) by Equation 2 for any D0,D1. However, ∥r(t)1 − r

(t′)
1 ∥22 =

∥u∥22 and ∥r(t)2 − r
(t′)
2 ∥22 = ∥u∥22, so Equation 3 gives ∆(t, t′)2 = 2∥u∥22 > 0. Thus FV stability

can hold while circuit drift is arbitrarily large.

C IMPLEMENTATION DETAILS AND HYPERPARAMETERS

C.1 FINE-TUNING CURRICULUM AND DATASET COMPOSITION

Our sequential learning curriculum consists of four distinct tasks processed in a fixed order: BoolQ
(T1), MMLU-Computer Science (T2), Winogrande (T3), and StereoSet (T4). For each task, we
construct a question-answering format designed to elicit clear functional responses from the model.

• BoolQ: Boolean questions requiring a “Yes” or “No” response based on a provided pas-
sage.

• MMLU-CS: Multiple-choice questions (A/B/C/D) focusing on high-level computer sci-
ence concepts.

• Winogrande: Commonsense reasoning tasks requiring the selection of a correct referent
for a pronoun.

• StereoSet: Intrasentence bias evaluation tasks formatted as a choice between stereotypical
and anti-stereotypical completions.

C.2 TRAINING CONFIGURATION

The training was conducted using the Llama-3.2-1B architecture. We utilize the AdamW optimizer
with a linear learning rate schedule. To isolate the effects of structural drift during task transitions,
we save the model state after the completion of each task, denoted as milestones M1 through M4.

Specific hyperparameters utilized across all experiments are detailed in Table 4.

Table 4: Hyperparameter configurations for sequential fine-tuning.

Hyperparameter Value

Base Model Llama-3.2-1B
Optimizer AdamW
Learning Rate 5× 10−5

Weight Decay 0.01
Batch Size 4
Epochs per Task 1
Max Sequence Length 512 tokens
Precision BFloat16
Hardware 1 × NVIDIA A100 (80GB)

C.3 ANSWER EXTRACTION AND EVALUATION

To calculate accuracy, we utilize a strict regex-based extraction pipeline as implemented in our
QATrainer. The model is prompted to provide a concise answer at the end of the input sequence.
For multiple-choice tasks (MMLU, Winogrande), we extract the first valid option identifier; for
BoolQ, we normalize outputs to binary classes. Accuracy is defined as the ratio of correctly extracted
answers to the total number of samples in the validation split for that milestone.
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D STABILITY-GUIDED REPLAY (SGR) DETAILS

D.1 SGR PSEUDOCODE

The SGR algorithm differentiates itself from standard Experience Replay (ER) by using structural
consistency as a selection filter. Rather than uniform sampling, it populates a buffer B only with
samples that elicit stable, rank-invariant circuits. The training loop follows a “Task-then-Replay”
sequence to prioritize structural anchoring.

Input: Model θ, Task Sequence {T1, . . . , Tn}, Stability Threshold τ = 0.5, Buffer B
for each Task Ti do

// Phase 1: Standard Fine-tuning
Train θ on Ti for one epoch using Lclm

Save temporary checkpoint θtemp

// Phase 2: Stability Evaluation
for each sample x ∈ Ti do

Compute stability score Sx via edge-importance rank correlation
if Sx ≥ τ then

Add x to B
end

end
// Phase 3: Structural Anchoring (Replay)
if B is not empty then

Sample batch xreplay ∼ B
Fine-tune θ on xreplay to stabilize previous circuits

end
end

Algorithm 1: Stability-Guided Replay (SGR)

D.2 SGR HYPERPARAMETERS

Table 5 outlines the specific configurations used for the stability-guided selection and replay phases.
The stability threshold τ was determined empirically to isolate the top-tier invariant “load-bearing”
samples.

Table 5: Hyperparameters for SGR selection and buffer management.

Parameter Value

Stability Metric Spearman Rank Correlation of Edges
Stability Threshold (τ ) 0.5
Buffer Capacity 10,000 samples
Replay Batch Size 4
Replay Learning Rate 5× 10−5

E ELASTIC WEIGHT CONSOLIDATION (EWC) IMPLEMENTATION

E.1 EWC FORMULATION

As a parameter-level baseline, we implement Elastic Weight Consolidation (EWC) to compare struc-
tural circuit stability against weight-space regularization. For each task Ti, we compute the diagonal
of the Fisher Information Matrix F , which represents the importance of each parameter θj to the
task’s performance. The loss function for a subsequent task Ti+1 is defined as:

L(θ) = Lclm(θ) +
∑
k<i

λewc

2
Fk(θ − θ∗k)

2 (5)

where θ∗k are the optimized parameters for previous tasks and λewc is the regularization strength.
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E.2 EWC HYPERPARAMETERS

The EWC baseline was trained using the same base architecture (Llama-3.2-1B) and learning rate
as SGR to ensure a controlled comparison. The specific regularization parameters used in our im-
plementation are detailed in Table 6.

Table 6: Hyperparameters for the EWC baseline.

Parameter Value

Regularization Weight (λewc) 400.0
Fisher Sample Size Full Training Set
Fisher Computation Diagonal Approximation
Optimizer AdamW
Learning Rate 5× 10−5

Batch Size 2
Precision BFloat16

E.3 FISHER INFORMATION CALCULATION

To compute the Fisher Information Matrix, we perform a dedicated pass over the task’s dataset
after the initial fine-tuning phase. For each sample, we calculate the squared gradients of the log-
likelihood:

F = E
[
(∇θ logP (y|x, θ))2

]
(6)

These values are accumulated and normalized to provide the per-parameter importance weighting
used during the sequential training of subsequent milestones.

F EVALUATION METRICS AND DATASET STATISTICS

F.1 EVALUATION METHODOLOGY

Performance is evaluated using two primary metrics: Accuracy (A) and Circuit Stability (S).

• Accuracy (A): Calculated using a strict regex-based extraction of the model’s generated
completion. For multiple-choice tasks, we verify the presence of the correct option identi-
fier (e.g., “(A)”); for boolean tasks, we normalize responses to binary classes.

• Circuit Stability (S): Measured as the Spearman rank-correlation of edge importance
scores derived from two disjoint partitions of the validation set (Dval,1 and Dval,2). Edge
importance is computed via the gradient-based attribution method defined in Section 2.

F.2 DATASET STATISTICS

We evaluate our hypothesis across two distinct task orders to ensure the relationship between S
and forgetting is not sequence-dependent: Sequence 1 (T1 → T2 → T3 → T4) and Sequence 2
(T4 → T3 → T2 → T1). The composition of these datasets is detailed in Table 7.

Table 7: Statistics for the datasets used in the sequential fine-tuning curriculum.

Task ID Dataset Training Samples Validation Samples

T1 BoolQ 9,427 3,270
T2 MMLU-CS 100* 100
T3 Winogrande 40,398 1,767
T4 StereoSet† 2,106 2,106

*MMLU-CS utilizes the dev/test split as standard.
†StereoSet lacks a train split; the validation set is used for both training and evaluation.
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G GROKKING ANALYSIS: EXPERIMENTAL DETAILS

G.1 GSM-SYMBOLIC DATASET CONFIGURATION

To evaluate the relationship between structural stability and generalization, we utilize the GSM-
Symbolic benchmark. This dataset provides a controlled environment to verify if a model has
“grokked” underlying mathematical logic rather than memorizing templates.

• Procedural Generation: In GSM-Symbolic (Mirzadeh et al., 2025), symbolic templates
are used to generate mathematical word problems. This ensures that while the reasoning
chain remains procedurally consistent, the numerical values and linguistic framing in the
validation set are entirely disjoint from the training data.

• Standardization: All problems are formatted as Question-Answer pairs. The model is
trained to generate the full reasoning path, with accuracy determined by the final numerical
value extracted via regex.

G.2 TRAINING AND MONITORING PROTOCOL

The model is fine-tuned using the parameters detailed in Table 8. We monitor the structural state of
the model via a high-frequency evaluation loop every 2,000 steps.

Table 8: Hyperparameters for Grokking Analysis on GSM-Symbolic.

Parameter Value

Learning Rate 5× 10−5

Batch Size 2
Evaluation Frequency Every 2,000 steps
Weight Decay 0.01
Optimizer AdamW
Stability Evaluation Split Validation (Symbolic-Disjoint)

G.3 GROKKING EVENT DETECTION AND STABILITY CORRELATION

We define a “Grokking Event” as a rapid surge in validation accuracy (≥ 5% within 2,000 steps)
occurring after training accuracy has already saturated. For each milestone, we compute:

1. Validation Accuracy: Performance on unseen symbolic variations.
2. Circuit Stability (S): The Spearman rank-correlation of edge importance scores across

disjoint partitions of the validation set.

H ABLATION METHODOLOGY: FV AND STABILITY DECOUPLING

To decouple the effects of latent triggers (Function Vectors) and structural pathways (Circuits), we
implemented two specific intervention strategies within the ContinualAblationQATrainer.

H.1 SETTING 1: FIXED FV VIA INTERVENTION

In the “Fixed FV / Disrupted Circuit” experiment, we manually prevent the Function Vector from
drifting while allowing the model parameters to undergo standard fine-tuning.

• Implementation: We use a forward hook on the causal attention heads identified as part
of the T1 function vector. During every forward pass of subsequent tasks (T2, T3, T4), this
hook intercepts the mean-head activations.

• Activation Patching: The activations are overwritten with the “gold” activations vM1

recorded at the end of Task 1. This ensures that the model always perceives the original
latent trigger, even as the weights W are modified by standard Lclm gradient updates.
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• Methodological Justification: We chose direct activation patching over alternative meth-
ods, such as normalizing drift by its magnitude within the loss function (e.g., a penalty term
∥vt−vinit∥
∥vinit∥ ). While normalization accounts for the relative scale of representation shifts, it

remains a “soft” constraint that allows the model to find degenerate solutions where the
vector orientation shifts while the magnitude remains constant. By using a “hard” hook
to fix the vector in both direction and magnitude, we ensure that any observed forgetting
is definitively caused by the fragmentation of the downstream circuit rather than subtle
representational drift that a normalized penalty might miss.

H.2 SETTING 2: ENFORCED STABILITY VIA PENALTY

In the “Allowed FV Drift / Enforced Circuit” experiment, we do not intervene in the forward pass,
allowing the activations to drift. Instead, we modify the optimization objective to preserve the circuit
topology.

• Stability Penalty: We introduce a structural regularization term Lstab = λ(Scurr−Sinit)
2,

where S is the circuit stability score. In the implementation, λ is set to a high constant to
prioritize structural preservation.

• Gradient Dynamics: The total loss L = Lclm+Lstab forces the optimizer to find parame-
ter updates that reside in the intersection of the new task’s manifold and the previous task’s
circuit ranking.

H.3 FV DRIFT MEASUREMENT

Drift (dinit) is calculated post-epoch. We run a reference pass over T1 data using the current mile-
stone checkpoint to extract the new mean-head activations vt. The drift is the L2 norm ∥vt−vM1∥2.
This measurement is independent of the training hooks and serves as the primary metric for quanti-
fying representational shift.

I CIRCUIT STABILITY-GUIDED REPLAY (SGR)

I.1 METHODOLOGY AND BASELINES

To mitigate the structural fragmentation identified in Section 4, we introduce Circuit Stability-
Guided Replay (SGR). SGR curates a replay buffer based on the invariance of a model’s internal
reasoning pathways rather than raw input features.

SGR Algorithm. Following the partitioning framework of Sun (2025), SGR populates a replay
buffer with samples exceeding a stability threshold τ = 0.5, representing the “load-bearing” struc-
tural components of a task’s circuit. Training follows a “task-then-replay” sequence: the model
completes an epoch on the current task Ti before performing a replay phase on previous high-
stability samples. This replay phase acts as a structural anchor; by prioritizing the preservation of
invariant reasoning pathways over representational drift, it trades peak current-task optimization for
long-term circuit stability. Pseudocode and settings are provided in Appendix D.

Baselines. We compare SGR against three standard approaches:

• Vanilla: Sequential fine-tuning with no retention strategy.
• Elastic Weight Consolidation (EWC): A regularization method that penalizes shifts in pa-

rameters critical to previous tasks by calculating a Fisher Information Matrix (Kirkpatrick
et al., 2017). See Appendix E for the implementation of the EWC trainer.

• Uniform Replay: A buffer-based method that samples past data with equal probability,
regardless of the model’s internal state or the sample’s difficulty.

I.2 COMPARATIVE ANALYSIS OF RETENTION

SGR Performance. As seen in Table 9, SGR is the only method that prevents total functional
collapse for the earliest task in the sequence. While all baselines drop to 0.00 accuracy for BoolQ
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Table 9: Comparative Accuracy Suite for Sequence 1. Values denote validation accuracy at check-
points M1–M4. SGR demonstrates superior retention for early tasks (T1, T2) while maintaining
performance on subsequent tasks compared to parameter-level regularization (EWC) and indiscrim-
inate data replay (Uniform).

Milestone Method T1 (BoolQ) T2 (MMLU) T3 (Wino) T4 (Stereo)

M1 Vanilla 0.6232 0.0000 0.0000 0.0000
EWC 0.7644 0.0000 0.0000 0.0000
Uniform 0.6221 0.0000 0.0000 0.0000
SGR (Ours) 0.6537 0.0000 0.0000 0.0000

M2 Vanilla 0.0000 0.5556 0.0000 0.0000
EWC 0.0000 0.5556 0.0000 0.0000
Uniform 0.6221 0.1667 0.0000 0.0000
SGR (Ours) 0.6537 0.1111 0.0000 0.0000

M3 Vanilla 0.0000 0.1111 0.5043 0.0000
EWC 0.0000 0.1667 0.5020 0.0000
Uniform 0.6221 0.0000 0.5422 0.0000
SGR (Ours) 0.6101 0.1111 0.5043 0.0000

M4 Vanilla 0.0000 0.0000 0.0489 0.3310
EWC 0.0000 0.0000 0.0805 0.3281
Uniform 0.0000 0.0000 0.4963 0.3333
SGR (Ours) 0.3785 0.1111 0.5043 0.3333

(T1) by the final milestone (M4), SGR retains an accuracy of 0.3785. Furthermore, SGR maintains
the highest consistency for MMLU (T2), preserving 0.1111 accuracy throughout M2 to M4, whereas
Uniform Replay fails to retain any T2 capability by M3.

Structural Rigidity in EWC. EWC demonstrates the poorest performance among the retention
strategies. While it achieves the highest initial accuracy for T1 (0.7644) at M1, it suffers an im-
mediate collapse to 0.00 at M2. Furthermore, EWC fails to effectively learn T3 (0.0805 at M4),
suggesting that parameter-level constraints induce a structural rigidity that inhibits the acquisition
of new tasks.

Efficiency of Stability Selection. Uniform Replay maintains T1 accuracy through M3 (0.6221) but
fails catastrophically at M4. This indicates that indiscriminate sampling eventually fails to protect
the underlying circuit as the model’s total capacity is exhausted. By contrast, SGR’s selective ap-
proach—prioritizing samples that anchor stable circuits—provides a more robust defense against
fragmentation. At M4, SGR matches the current task performance of all baselines (T4 ≈ 0.33) but
does so while preserving 60.8% of its peak T1 accuracy. This supports our hypothesis that reinforc-
ing structurally invariant sub-networks is a more memory-efficient strategy for continual learning
than parameter regularization or uniform data replay.
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